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a b s t r a c t
We report on the fractal analysis of digital speckle patterns experimentally generated using
an optical setup to record the light scattered from metallic rough surfaces in the normal
direction. Using the differential box counting technique, we have calculated the fractal
dimension of digital speckle patterns for six samples with different roughness. Our results
show a quadratic dependence between the surface roughness and the fractal dimension
of the corresponding digital speckle pattern. As an application a method to determine the
surface roughness of metallic surfaces is proposed.
© 2012 Elsevier B.V. All rights reserved.
1. Introduction
Fractal structures play a fascinating role in the description of natural phenomena, for instance, river networks, lightning
bolts, heartbeat, and pulmonary vessels [1]. According to Mandelbrot, fractal structures are associated to rough or
fragmented geometric structures. The complexity of a fractal structure is characterized by its fractal dimension, which is
greater than the topological dimension. Fractal analysis allows us to assess fractal dimension from datasets, for example,
digital images, obtained from the investigation of natural phenomena, as well as from theoretical models. Different
techniques to perform fractal analysis include box counting, lacunarity analysis, and mass methods, to mention a few [1–3].
An interesting application of fractal analysis is the description of fractured surfaces. Some decades ago, Mandelbrot
et al. [4] have shown that fractured surfaces are fractal. Kertész has reported the fractal feature of the propagation of
cracks [5]. Investigating fractured surfaces, Lung et al. [6] have demonstrated that there is a relation between the roughness
and the fractal dimension of the surface. Fractal analysis has been applied to characterize rough surfaces. Catalyst rough
surfaces have been characterized by means of fractal geometry [7]. Morphology of rough surfaces has been studied through
the analysis of scaling properties of contour loops by measuring the fractal dimension on these contour loops [8]. Scale-
independent rough surfaces have been investigated by calculating the fractal dimension of contour lines [9]. In Refs. [7–9],
fractal analysis was performed using information about the surface.
On the other hand, optical techniques have been widely employed to characterize metallic rough surfaces, mainly due
to the fact that high accuracy can be achieved and non-contact measurements can be performed. Speckle patterns [10]
generated from the coherent light scattering from metallic rough surfaces have been exploited in distinct approaches to
determine surface roughness [11–13]. Recently [14], it was reported that statistical analysis of digital images allows us to
relate the surface roughness to the Hurst exponent of digital images associated to speckle patterns. In Ref. [14], information
about the surface is obtained based only on data corresponding to the light scattering by the rough surface.
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As pointed out by Goodman [10], an interesting property of speckle patterns is the coarseness of the granularity observed
in their spatial intensity distribution. Actually, a speckle pattern consists of a great number of peaks and nulls of different
scales spatially distributed. For this reason, digital images of speckle patterns are well suited to apply fractal analysis. In
this work, we investigate the fractal feature of digital images of speckle patterns generated by coherent light scattering
from metallic rough surfaces. In our analysis, the differential box counting technique was used to calculate the fractal
dimension of five samples possessing different roughness. It was found that the surface roughness and the fractal dimension
of the corresponding digital speckle are related. Furthermore, we show that a quadratic relationship can be used to fit the
results. Based on the fractal structure of digital speckle patterns, we propose a method for determining the roughness of
metallic surfaces. This paper is organized as follows. In Section 2, we introduce the technique used for calculating the fractal
dimension. The experiment performed in order to obtain digital speckle patterns is presented in Section 3. In Section 4, we
present and discuss our results. We summarize our conclusions in Section 5.
2. Fractal analysis
Fractal analysis is a common technique to study a variety of problems [15,16] and it is very suitable, for example, to
investigate texture using digital images [17]. In fractal analysis, different parameters can be assessed, for instance, fractal
dimension, lacunarity, and succolarity, and can be used to classify and to segment images [3]. Fractal structures, presenting
self-similarity and/or self-affinity, can be characterized by the corresponding Hausdorff–Besicovitch dimension DH [15],
which exceeds the topological dimension. For a self-similar fractal set A in Euclidean n-space, the similarity dimension DS
can be defined as [15]
DS = ln(Nr)ln(1/r) , (1)
where Nr stands for the union of non-overlapping copies of A and r stands for the scaling ratio. This dimension is equal to
the Hausdorff–Besicovitch dimension [15].
Typically, for finite sets, for example, digital images, fractal dimension can be estimated. In this case, box counting
techniques are very appropriate for estimating the fractal dimension, due to their simplicity and computational feasibility.
For gray-level images, a variation of this technique is widely employed, referred to as the differential box counting
technique [17–20].
In our work, the differential box counting technique used is available within FRACLAC [20], developed by Audrey
Karperien. Karperien considers an 8-bit gray-level image, size equal to m × n, and associates an image intensity I(i, j) ∈
[0, 255] for each point (i, j). In the calculation procedure, FRACLAC uses N different regions (samples) of the whole image
for evaluating the fractal dimension. The largest region used by FRACLAC corresponds to 45% of the whole image.
Following Karperien [20], for each region the fractal dimension D is given by
D = 3− S/2, (2)
with S defined as
S = lim
ε→0
ln υ
ln ε
, (3)
where υ ∼ I(i, j)εε2 corresponds to a volume defined over a square box of side ε located at (i, j).I(i, j)ε is given by
I(i, j)ε = I(i, j)ε,max − I(i, j)ε,min, where I(i, j)ε,max is the maximum pixel intensity value and I(i, j)ε,min is the minimum
pixel value, both evaluated inside the box. Repeating this procedure for N regions, FRACLAC computes an average fractal
dimension ⟨D⟩. Setting N = 1 the largest region, mentioned above, is used and FRACLAC yields the fractal dimension D.
For completely black and completely white images the fractal dimension obtained using this technique is the same and
equal to 3, due to the fact that only differences in gray level of the images are taken into account in the calculation. Using the
images (1024× 768 pixels) presented in Fig. 1(a) and (b) the calculation of the fractal dimension was performed for N = 1.
For both images, we obtain D = 3, as expected. Furthermore, for complementary images, i.e., an image possessing gray level
I(i, j) and its complement possessing gray level 255 − I(i, j), it is also expected that this technique yields the same fractal
dimension. To verify this result, the fractal dimension forN = 1was calculated for the images (1024×768 pixels) presented
in Fig. 1(c), a typical speckle pattern produced by the light scattering from a rough surface, and Fig. 1(d), the complement of
Fig. 1(c). For these images, we obtain D = 2.77, confirming the expected result.
In order to illustrate the application of FRACLAC, the fractal dimension of a set of Brodatz textile images [21]withN = 100
was calculated. Our results are shown in Table 1 (second column), presenting a good agreement with the results of Sun
et al. [19] (third column).
3. Dataset acquisition
An optical experiment was carried out to obtain digital images of speckle patterns. In our experiment, six samples of
rough metallic surfaces were illuminated by a coherent light beam generated by a linearly polarized DPSS (diode-pumped
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Fig. 1. Digital images used for calculating fractal dimension: (a) completely black, (b) completely white, (c) typical speckle pattern, and (d) complement
of part (c).
Table 1
Fractal dimension ⟨D⟩ of Brodatz images.
Brodatz image FRACLAC Li et al.
D04 2.87 2.88
D24 2.88 2.77
D28 2.82 2.74
D55 2.85 2.73
D68 2.83 2.75
D84 2.86 2.82
solid state) laser operating at 532 nm. The samples consist of manually polished bars made of aluminum. The polishing was
performed based on the standard technique, where abrasion papers possessing grit numbers equal to 80, 150, 320, 400, 600
and 1500 MESH were used. The abrasion paper is moved in a unique direction for all sample surfaces. Using the abrasion
paper with grit number equal to 80 MESH the sample with the largest Ra is produced. In order to decrease the value of the
parameter Ra abrasion papers in ascending order of grit number are successively used. Using an optical profilometer (Mahr
PerthoMeter) the mean roughness Ra of the samples was measured, giving rise to a set of samples with Ra equal to 0.10,
0.12, 019, 0.21, 0.24, and 0.26 (µm).
The experimental setup is depicted in Fig. 2. The light beam is expanded by a telescope T and illuminates the sample, with
incidence angle equal to 45°. An area of approximately 1.0 cm2 of the sample’s surface is illuminated. The light scattered in
the normal direction is detected at the diffraction plane, 40 cm from the sample’s surface. Using a monochromatic CCD
camera, with 1204 × 768 pixel resolution, the digital image associated to the speckle pattern is recorded. It is worth
mentioning that the pixel size of the CCD sensor is 4.65µm× 4.65µm, which allows us to resolve typical speckle patterns.
Note that no lenses are placed in the path of the light scattered from the sample’s surface to the CCD entrance. For all samples
the incidence angle and the distance between the sample’s surface and the CCD camerawere kept fixed. In addition, the laser
intensitywas chosen to avoid saturation of the CCD sensor. The grayscale digital images form the dataset to be analyzed using
FRACLAC.
4. Results and discussions
In Fig. 3 is shown the digital images associated to the speckle patterns produced by the set of samples described in the
previous section. All images have 1024 × 768 pixels (maximum of the CCD camera resolution), corresponding to an area
approximately equal to 4.7 mm× 3.5 mm. The value of Ra is placed over each image. The results show a clear dependence
between Ra and the spatial distribution of the speckle patterns. As can be seen in Fig. 3, by increasing Ra more bright pixels
on the speckle pattern are observed. This effect is due to the fact that by increasing Ra more light is scattered by the surface
at the normal direction.
The fractal dimension of each digital image, labelled by Ra (Fig. 3), was calculated using the technique introduced in
Section 2. The fractal dimension is plotted as a function of Ra. The result is presented in Fig. 4 for two cases. In the first case is
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Fig. 2. Experimental setup for digital image acquisition. T is the telescope used to expand the laser beam.
Fig. 3. Digital speckle patterns associated to each sample. The value of Ra is placed over the corresponding image.
shown the fractal dimension D calculated for N = 1 (full square dots). In the second case is shown the average of the fractal
dimension ⟨D⟩ calculated for N = 100 (full circle dots). In both cases, it is observed that the fractal dimension of the digital
images presents a symmetrical behavior by varying Ra, which relies on the fact that surfaces with low Ra, where more dark
regions on the speckle pattern are observed, and surfaces with high Ra, wheremore bright regions on the speckle pattern are
observed, can be regarded as complementary images. In first approximation, a quadratic dependence involving the fractal
R.D. Corrêa et al. / Physica A 392 (2013) 869–874 873
2.85
2.80
2.75
2.70
2.85
2.80
2.75
2.70
0.05 0.10 0.15 0.20 0.25 0.30
Fr
ac
ta
l D
im
en
sio
n 
D
Fractal D
im
ension
Fig. 4. Fractal dimension as a function of surface roughness Ra .
dimension and Ra can be seen to fit our results. Fitting the data corresponding to the first case, we obtain the quadratic curve
D = 9.41(Ra)2−3.24Ra+3.02 (solid line). Fitting the data corresponding to the second case, we obtain the quadratic curve
⟨D⟩ = 8.98(Ra)2 − 3.13Ra + 2.99 (dashed line). Analyzing the curves, it is found that for Ra = 0, which corresponds to a
flat surface and a completely dark speckle pattern, the fractal dimension is very close to 3, which corresponds to the limit
value predicted by Eq. (2). Therefore, the quadratic fit is in good agreement with the values predicted by the model used in
the fractal analysis.
Contrary to early works, where characterization of rough surfaces was made based on fractal analysis [8,9], using as the
dataset information directly obtained from the surface, we consider, as the dataset, information about the light scattered
from rough surfaces, namely, a digital image of speckle patterns. Furthermore, our results lead us to envisage a method for
characterizing roughmetallic surfaces, which can be briefly described as follows. First, by setting the illumination conditions
and using appropriated gauges (standard metallic surfaces possessing a well defined value of Ra) a calibration curve, similar
to the quadratic curve showed in Fig. 4, is obtained. The speckle pattern produced by a surface with an unknown roughness
is digitally imaged and its fractal dimension is calculated. The value of Ra is directly determined from the calibration
curve. During the construction of the calibration curve the intensity distribution of the speckle patterns is recorded. For
surface roughness on the opposite sides of the calibration curve the corresponding speckle patterns arewell distinguishable.
When analyzing an unknown sample the corresponding intensity distribution of the speckle pattern can be used to solve
any ambiguity on the determination of Ra based on the fractal dimension. The advantage of this proposal is the simple
optical apparatus required to obtain the digital image corresponding to the speckle pattern and the fractal analysis is easily
accomplished.
5. Conclusions
Based on the fractal analysis of digital images, we have demonstrated that the roughness of metallic surfaces is related
to the fractal dimension of digital speckle patterns. Using a set of samples with different roughness, we experimentally
generated a dataset corresponding to digital images associated to the light scattered from rough surfaces. We have verified
that a quadratic relationship between the surface roughness and the fractal dimension can be used to fit our experimental
results. Our finds are in good agreement with the results predicted by the differential box counting technique used to
calculate the fractal dimension. Exploiting the fractal feature of digital speckle patterns produced by the light scattered
from rough surfaces, we have proposed a method that can be applied to assess the roughness of metallic surfaces.
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